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Abstract 15 

Building energy data has been used for decades to understand energy flows in 16 

buildings and plan for future energy demand. Recent market, technology and policy 17 

drivers have resulted in widespread data collection by stakeholders across the 18 

buildings industry. Consolidation of independently collected and maintained 19 

datasets presents a cost-effective opportunity to build a database of unprecedented 20 

size. Applications of the data include peer group analysis to evaluate building 21 

performance, and data-driven algorithms that use empirical data to estimate energy 22 

savings associated with building retrofits. This paper discusses technical 23 

considerations in compiling such a database using the DOE Buildings Performance 24 

Database (BPD) as a case study. We gathered data on over 700,000 residential and 25 

commercial buildings. We describe the process and challenges of mapping and 26 

cleansing data from disparate sources. We analyze the distributions of buildings in 27 

the BPD relative to the Commercial Building Energy Consumption Survey (CBECS) 28 

and Residential Energy Consumption Survey (RECS), evaluating peer groups of 29 

buildings that are well or poorly represented, and discussing how differences in the 30 

distributions of the three datasets impact use-cases of the data. Finally, we discuss 31 

the usefulness and limitations of the current dataset and the outlook for increasing 32 

its size and applications. 33 

Keywords: Buildings Performance Database; building performance; big data; building 34 

data collection; data-driven decision support 35 



Abbreviations 36 

CBECS: Commercial Buildings Energy Consumption Survey 37 

RECS: Residential Energy Consumption Survey 38 

CEUS: Commercial End-Use Survey 39 

DOE: Department of Energy 40 

BPD: Buildings Performance Database 41 

USEIA: United States Energy Information Administration 42 

EUI: Energy Use Intensity 43 

BEDES: Building Energy Data Exchange Specification 44 

ESCO: Energy Service Company 45 

NBI: New Buildings Institute 46 

USEERE: United States Office of Energy Efficiency & Renewable Energy 47 

  48 



1. Introduction 49 

Energy efficiency is a cost-effective resource for curbing energy use and carbon 50 

emissions from buildings. Engineering-based studies forecast large energy and 51 

economic savings potential over time from modest investments in efficiency across 52 

the building stock (Williams et al, 2012; McKinsey & Co., 2009; Pacala and Socolow, 53 

2004). One study by the Rocky Mountain Institute estimates that a $0.5 trillion 54 

investment in efficiency across the buildings sector could return $1.4 trillion in 55 

savings by 2050 (Lovins, 2011). Other studies find that engineering-based analyses 56 

may overestimate potential energy savings (Alcott and Greenstone, 2012), and more 57 

generally inaccurately predict energy use in real buildings (NBI, 2008). 58 

Discrepancies between modeled and measured energy use and savings have been 59 

attributed to difficulties in accounting for occupant behavior (Ryan and Sanquist, 60 

2012), interactive effects between building systems (Chidiac et al, 2011), 61 

uncertainty in model inputs (Eisenhower et al, 2012), and inefficiencies in 62 

operational buildings due to improper maintenance and operation of building 63 

systems (O’Neill et al, 2011; Mills, 2009). 64 

A historic lack of empirical energy data has limited our ability to validate 65 

engineering-based predictions of energy savings potential in buildings. However, a 66 

recent surge in the number of buildings benchmarking energy use (ENERGY STAR, 67 

2012) has increased the amount of available building energy data.  68 

Empirical data analysis using large-scale data sets has been transformational in 69 

fields such as crime-fighting (U.S. Depts. of Transportation & Justice, 2009), political 70 



campaigns (Issenberg, 2012), and commerce (Bryant et al, 2008). Large-scale 71 

empirical building energy data may prove beneficial to stakeholders throughout the 72 

industry including policymakers, building owners, and investors in energy 73 

efficiency. Several technology, market, and policy drivers, such as smart meters and 74 

energy disclosure laws, have led to unprecedented data collection throughout the 75 

buildings sector, which has spurred several efforts to bring data-driven decision-76 

making to stakeholders in building performance.  77 

Data-driven algorithms offer low-cost alternatives to energy models for 78 

predicting energy savings and estimating financial return on energy efficiency 79 

investments (Deng et al, 2014; Chidiac et al, 2011). A building energy database could 80 

also improve analyses currently driven by small or outdated datasets, such as 81 

informing energy efficiency policy, or planning for future energy demand (Nicholls, 82 

2014; NRCCNS, 2012; Gold and Elliot, 2010; Pérez-Lombard et al, 2008). 83 

The DOE funded Buildings Performance Database seeks to fill the identified need 84 

for ''big data'' in the buildings sector. In this paper, we discuss our amassing of 85 

energy use data from nearly 750,000 commercial and residential buildings 86 

aggregated from smaller datasets collected by organizations such as cities, utilities, 87 

energy efficiency programs and building portfolio owners.  The paper addresses 88 

technical considerations in generating a large-scale database for building 89 

performance analysis. We first evaluate the need for a building energy database, 90 

discussing existing databases, their applications and shortcomings, and 91 

opportunities for analysis afforded by a larger more comprehensive database 92 

(Section 2). We then discuss the process of compiling the BPD, including data 93 



outreach, aggregation, and quality assurance (Section 3). We then assess the 94 

quantity and depth of data contained in the BPD (Section 4: “how big is the data?”), 95 

comparing the BPD to the national building stock, and discuss how the distribution 96 

of buildings in the database either helps or hinders data analysis prospects (Section 97 

4: “how useful is the data?”). We conclude by reflecting on the current state of the 98 

BPD, considering its effectiveness as a decision-support tool and identifying 99 

opportunities to improve the quality and depth of building data analysis (Section 5). 100 

2. Background: The need for a comprehensive database of building energy 101 

2.1. The current state of empirical building data 102 

Empirical building data holds widespread potential in buildings management, 103 

energy efficiency, policy assessment, and energy planning. This section discusses 104 

existing building energy databases and their applications. We highlight data 105 

collection methods and salient characteristics of each dataset, and how these impact 106 

use-cases for the data. Based on our review of other databases, we identify the need 107 

for a comprehensive database to consolidate data from throughout the industry in 108 

order to reduce data collection costs, create new opportunities for analyzing 109 

building data, and reach a broader audience within the building sector. 110 

Databases including CBECS and RECS contain in-depth energy use and asset data 111 

for representative samples of the national commercial and residential building 112 

stocks (USEIA, 2003; USEIA, 2009). These datasets are collected for energy planning 113 

and forecasting purposes, but also provide summary statistics of the national 114 



buildings stock (NBI, 2014; USEERE, 2011; ENERGY STAR, 2013). The EIA’s Annual 115 

Energy Outlook relies heavily on CBECS and RECS to evaluate energy use trends in 116 

the buildings sector (USEIA, 2014). A similar database compiled by the California 117 

Energy Commission, CEUS, is analyzed to understand energy use by the California 118 

commercial buildings stock (Itron, Inc., 2006). Both CBECS and RECS are extremely 119 

costly to collect, resulting in relatively small sample sizes and infrequent data 120 

updates (NRCCNS, 2012). The BPD was developed, in part, to explore low-cost data 121 

collection methods in response to an industry need for bigger and more up-to-date 122 

data than RECS and CBECS can provide.  Additionally, the sampling of buildings 123 

within CBECS and RECS was structured, in part, to gain a national-scale 124 

representative view of the building stock. While significant, specifically for national-125 

scale energy analyses, such databases may not provide fine detail or resolution at 126 

regional spatial scales. 127 

Other databases target certain subsets of the building stock or specific use-cases.  128 

These datasets include collections by Labs 21, ENERGY STAR Portfolio Manager, and 129 

the New Buildings Institute (NBI), among others. Labs 21 collects benchmarking 130 

data for laboratories across the country, focusing on laboratory-specific energy 131 

drivers (Mathew et al 2010). Portfolio Manager collects energy benchmarking data 132 

and assigns EPA ENERGY STAR Scores for several building types. Both Labs 21 and 133 

Portfolio Manager collect data submitted by users online, resulting in low data 134 

collection costs. The NBI collects energy use and design data for LEED certified 135 

buildings (NBI, 2014). The database has been used to compare performance of LEED 136 

certified buildings to the national building stock and to evaluate their performance 137 



relative to design stage simulations conducted as part of the LEED certification 138 

process (NBI, 2008). Numerous other databases collect building data for 139 

applications unrelated to energy performance. For example, CoStar and Zillow are 140 

private companies that collect data on U.S. real-estate markets for commercial and 141 

residential buildings, respectively, monitoring market prices based on building size, 142 

characteristics, and location. The BPD draws on performance-related data collected 143 

throughout the industry including but not limited to data collected for other 144 

databases; these diverse datasets are then aggregated into one database. The 145 

successful use of regional-scale, or market-specific, databases implies the need for a 146 

database that can provide an overview at multiple scales of the building stock. Even 147 

an incomplete national database, like the BPD in its current form, is nonetheless 148 

useful for various local-scale energy analyses.  In other words, we do not have to 149 

wait for the BPD to be “complete” before important energy analysis can be explored. 150 

One anticipated use of BPD data is to power new data-driven algorithms for 151 

estimating the energy savings associated with building retrofits, augmenting 152 

modeling-based energy savings predictions. One study comparing design-stage 153 

energy simulations to measured energy use in operational buildings using the NBI’s 154 

database of LEED Certified buildings, found that actual energy use deviated from 155 

simulated energy use by 25% or more in over half the buildings in the database 156 

(NBI, 2008). Using empirical data to compute energy savings rather than 157 

engineering-based estimates may account for factors such as occupant behavior, 158 

operational inefficiencies and interactive effects that are difficult or costly to 159 

account for in building energy models. 160 



One benefit to data-driven approaches to energy savings prediction is that 161 

results are given as probabilistic distributions of energy savings. Understanding 162 

uncertainty in energy savings is becoming increasingly important with the rise of 163 

Energy Service Companies (ESCOs) (Satchwell et al., 2010; Mills, 2009), who finance 164 

investments in energy efficiency using utility bill energy savings. Calculating the 165 

probability of achieving a particular level of energy savings may boost investor 166 

confidence in energy efficiency by quantifying uncertainty in estimated return on 167 

investment based on empirical data. Understanding uncertainty in energy savings is 168 

key to evaluating investment risk, which has thus far been largely limited to 169 

simulated energy savings analysis (Deng et al., 2014).  170 

2.2. Intended use cases for the BPD 171 

The BPD is intended to be a broad data collection effort to support a range of 172 

different analysis use cases. Table 1 provides a high level summary of the intended 173 

use cases of the BPD for different stakeholders.  174 

Table 1: Summary of use cases for the BPD. 175 

One of the ongoing challenges with the BPD is reconciling the scope of the use 176 

cases with the data availability and data collection effort. Each use case presents its 177 

own data collection requirements and priorities, as indicated in the examples below: 178 

 Simple peer group benchmarking based on whole building energy use 179 

intensity (energy use per unit area) to screen and prioritize buildings for 180 

overall efficiency potential: For most building types, this can be done 181 



reasonably effectively with whole building annual energy use, building 182 

size, climate zone and optionally two to three additional characteristics 183 

such as occupancy schedule.  184 

 Comparison of energy efficiency scores for different building types and 185 

geographic regions: This has been of particular interest in cities and 186 

states with energy disclosure laws, e.g. How does the distribution of 187 

energy efficiency scores for office buildings in New York City compare to 188 

those in San Francisco? This type of analysis also only requires whole 189 

building annual energy use data and building characteristics.  190 

 Portfolio-level analysis of the impacts of energy technologies: For 191 

example, is there a statistically observable “shift” in the distribution of 192 

energy use intensities for buildings with variable air volume systems vs. 193 

constant volume systems? This type of analysis will require data on 194 

building system characteristics in addition to whole building energy use 195 

and characteristics.  196 

 Energy savings from specific retrofit measures: This type of analysis will 197 

require pre- and post-retrofit energy use data as well as data on the type 198 

of retrofit and related building system characteristics. These types of data 199 

are much more difficult to acquire in a consistent format for large 200 

numbers of buildings.  201 

 202 



3. Data Acquisition, Mapping and Cleansing 203 

Data collectors throughout the buildings industry voluntarily submit data for 204 

inclusion in the BPD. Widespread data collection is a relatively recent phenomenon 205 

in the buildings sector, which means there are no widely used standards for 206 

formatting data or quality control. A critical research effort is how to bring together 207 

these disparate sources of data and how to develop an architecture that facilitates 208 

the aggregation, and mapping of the data to ensure that incomplete, erroneous or 209 

otherwise suspect data does not compromise integrity in database entries or 210 

analysis results. The following sections discuss considerations in collecting, 211 

mapping and cleansing building energy data for the BPD. 212 

3.1. Data Acquisition 213 

The BPD contains data for over 750,000 buildings from nearly 30 data sources, 214 

listed in Table 2. Source data sets range in size from 10 to 650,000 buildings, and 215 

vary substantially in the level of detail provided for each building. All datasets 216 

acquired by the BPD are mapped to a common data format to facilitate import into 217 

the database, a process detailed in section 3.2. As an incentive to submit data to the 218 

BPD, mapped and cleansed data is returned to each data contributor, along with a 219 

statistical overview of the dataset. 220 

In order to develop useful decision-support tools for analyzing building 221 

performance, a database must contain sufficient data to conduct robust statistical 222 

analysis. As noted earlier, the criteria for data sufficiency will vary based on the 223 

intended analysis. Indeed, “big data” does not in and of itself guarantee more 224 



insightful analysis, as documented even in the mainstream media (Ogas 2013, 225 

Marcus and Davis 2014) . In general, however, the quality of analysis is expected to 226 

improve as the database increases in size, as it will allow better assessment of 227 

uncertainty and variability, and inform the analysis of data sufficiency for various 228 

use cases. For this reason, ongoing acquisition of new data is key to the success of 229 

the BPD. Three general categories of data sources are targeted for outreach: existing 230 

databases, entities monitoring building performance, and building portfolio owners 231 

or managers. 232 

Table 2: Data contributors by sector as of February 2014 233 

Existing databases in the BPD include CBECS, RECS and CEUS. Combined, these 234 

datasets account for over 15,000 buildings, or about 2% of the database. As 235 

discussed previously, these datasets are sampled so as to statistically represent the 236 

underlying distribution of buildings in the U.S. commercial, U.S. residential, and 237 

California commercial building stocks, respectively. Data is gathered using surveys 238 

administered by the U.S. EIA and the California Energy Commission; the surveys 239 

collect high-level details about building assets and operational characteristics for 240 

every building. All three datasets are publicly available, heavily analyzed, and 241 

maintain very high data quality standards. For CBECS and RECS, the BPD includes 242 

postal code and monthly energy use data that is not publicly available. In cases 243 

where complete energy use data was unavailable from surveyed buildings, CBECS 244 

and RECS use statistical methods to extrapolate energy use. In contrast, a key 245 

dictum of the BPD is to restrict the database to empirical data.  This decision, in part, 246 



reduces the potential conflicts with interpreting energy records in BPD.  We thus 247 

decided to exclude buildings from CBECS and RECS with extrapolated energy use 248 

data. 249 

Data contributors monitoring performance of specific portfolios of buildings 250 

include cities, public utilities and energy efficiency programs. The interests 251 

motivating these parties to collect data are diverse, resulting in high variation in the 252 

depth and quality of the data they provide. Cities, for example, collect primarily 253 

benchmarking data from local buildings that they can use to inform energy 254 

efficiency policies. One study evaluating the level of detail needed to analyze a 255 

building stock for this purpose found that collecting highly detailed data from 256 

energy audits added little value to models for predicting energy use in the New York 257 

building stock, while New York’s requirement that certain buildings undergo energy 258 

audits substantially increased data collection costs (Hsu, 2014). Energy efficiency 259 

programs, on the other hand, often conduct energy audits to identify opportunities 260 

for reducing energy use. These data sources typically include either the results of an 261 

energy audit in the submitted data, or other details about energy efficiency 262 

measures taken in each building. The BPD does not refuse data that is missing asset 263 

and equipment data, however, buildings missing key data fields that describe 264 

location, size, building type and energy consumption are excluded from the 265 

database.  266 

Other data sources include property managers and entities that own and operate 267 

portfolios of buildings such as school districts, local governments, federal agencies, 268 

college campuses, and retail chain stores. These sources are likely to monitor 269 



complete energy consumption and may provide some equipment data, but rarely 270 

with the level of detail present in CBECS, RECS and CEUS. 271 

3.1.1. Data Privacy 272 

Options for preserving data privacy in public databases containing sensitive 273 

information are well established. To preserve the BPD’s status as a repository for 274 

real building data, we chose not to employ techniques in which the actual data is 275 

modified, such as data swapping (Dalenius and Reiss, 1982) and randomization 276 

(Kargupta et al., 2005). Instead, the BPD shows only aggregated data to users, and 277 

suppresses energy use data for peer groups of fewer than ten buildings. These 278 

techniques minimize the likelihood that users will be able to single out consumption 279 

data for any building in particular. 280 

3.2. Data Mapping 281 

The BPD stores data in the BEDES format, discussed in detail below. BEDES 282 

provides a common language for storing data with clear guidelines regarding fields, 283 

data types, and permitted values. Translating source data to BEDES facilitates 284 

aggregation into the database and, if adopted by data collectors throughout the 285 

industry, may simplify data sharing among data collectors. Source data often 286 

contains fields and data types that loosely equate to those specified in BEDES, 287 

although some degree of interpretation is usually required to translate differences 288 

in formatting and naming conventions. Some data contributors, however, maintain 289 

equipment data primarily for internal use by facilities managers and this data 290 

typically requires extensive mapping to be translated into the BEDES specification. 291 



In many cases, data that is not explicitly included in a source dataset can be 292 

extrapolated using either the data provided, or outside knowledge about the data 293 

contributor. In one example, EPA ENERGY STAR provided data for buildings that 294 

have achieved the ENERGY STAR Label. The data did not specify that each building 295 

achieved the certification, but knowledge about the dataset allowed us to 296 

extrapolate information not explicitly stated in the data. Although many aspects of 297 

the mapping process can be automated, these types of situations require that 298 

mapping involve a fair degree of human interaction with the data. 299 

3.2.1. Data Specification 300 

Energy-related data collection in the buildings industry is a relatively recent 301 

phenomenon, and a uniform format for collecting data has yet to be established. 302 

ENERGY STAR Portfolio Manager, a benchmarking tool commonly used throughout 303 

the industry, allows users to download data in their standard format. The data 304 

contained in Portfolio Manager is collected primarily for benchmarking purposes 305 

and to calculate ENERGY STAR Ratings (ENERGY STAR, 2014), neither of which 306 

require collection of detailed asset data. BEDES recently emerged as a standard 307 

format for storing comprehensive data regarding building assets, characteristics, 308 

and use patterns. Developed in conjunction with the BPD, BEDES includes over 600 309 

fields, and accommodates information about hundreds of factors that influence 310 

building energy consumption. BEDES is designed to preserve as much detail as is 311 

provided by data contributors. Wide deployment of BEDES is expected to facilitate 312 



collection, exchange, and aggregation of high-level building characteristic data 313 

throughout the industry.  314 

BEDES fields are subdivided into several categories including site, residential 315 

facility, commercial facility, building systems, energy efficiency measures, and 316 

energy use. The relationships between these categories are detailed in Figure 1. The 317 

“one to many” relationship indicates that one building entry may contain more than 318 

one value for a particular field. For example, a single building may contain multiple 319 

types of lighting, but can only be in one location. Therefore the Site table contains 320 

only one entry for each building, while the Lighting table may contain many. 321 

Site fields store location data such as postal code, climate zone, and elevation; 322 

these fields apply to all buildings. The residential and commercial facility fields 323 

describe facility-level characteristics, such as floor area and vintage, as well as 324 

building and operational characteristics specific to residential or commercial 325 

buildings. For example, residential facility fields record the number of residents, 326 

ownership status, or education level of residents, among other fields relevant to 327 

residential but not commercial buildings. The Measures fields collect data about 328 

energy efficiency measures, retrofits, and other changes to building systems or 329 

components that may account for changes in energy use over time. Activity Area 330 

fields store data about the different activities that occur within a mixed-use 331 

commercial building, such as the floor area occupied and operational characteristics 332 

specific to each activity type. These fields allow us to identify a dominant facility 333 

type, but also enable analysis of building performance using more detailed 334 

information about activities within a building. For example, a building that is 90% 335 



offices and 10% data center will be classified as primarily an office building, but may 336 

use more energy than a similar building occupied by 100% offices.  337 

 338 

Figure 1: Building Energy Data Exchange Specification schema of data fields. 339 

BEDES is designed to collect detailed information about building systems and 340 

components such as lighting, HVAC, and envelope. System information accounts for 341 

the majority of fields in BEDES, including system type, quantity, fuel, efficiency and 342 

other information for 23 different building systems and components. Fields relating 343 

to energy use can accommodate annual, monthly, or interval consumption data for 344 

various fuel streams. These fields include data such as the fuel type, units, metering 345 

configuration, rate structure, and emissions factors, as well as the time, duration, 346 

reading, and peak energy use for each interval. 347 

3.3. Data Cleansing 348 

Cleansing ensures the integrity of the database, and is intended to remove 349 

incomplete, erroneous, or otherwise suspect data. We decided that the cleansing 350 

process must involve a series of checks to verify that data conforms to a range, list, 351 

or equation-describing values permitted in every BEDES field. Several examples of 352 

permitted values and checks are described in Table 3. Checks may be as simple as 353 

comparing a given elevation against the minimum and maximum elevations in a 354 

region or as complex as comparing energy use intensities against distributions of 355 

similar buildings in the database to identify outliers and otherwise suspect data.  356 



 357 

Table 3: Examples of BPD cleansing rules by data field including data types, 358 

permitted values (out-of-range checks), and in-range checks for each field. 359 

In-range and out-of-range checks are employed to confirm that values in the 360 

data are within reasonable or researched limits. In many cases, these checks are 361 

examples where knowledge of building energy is applied to improve the quality of 362 

data in the BPD; however, engineering-based judgments are avoided wherever 363 

possible. Out-of-range checks compare data entries against a range of permitted 364 

values. For example, only California and Louisiana contain elevations below sea 365 

level, which means negative elevations are only permissible if a building is in one of 366 

those two states. In-range checks confirm that values are not unrealistically high or 367 

low. For example, electricity readings less than zero are deleted during cleansing 368 

unless the building also generates electricity on site. Ranges and equations for in- 369 

and out-of-range checks are determined not only by researching expected values, 370 

but also by using data in other fields to identify inconsistencies within a building 371 

entry. For example, the heated floor area of a building cannot exceed its gross floor 372 

area. 373 

Other more manual checks involve analyzing the distribution of buildings by 374 

energy use to identify unlikely values or distributions. In one example, shown in 375 

Figure 2, an unlikely peak in the number of buildings with roughly 30 kBtu/ft2-year 376 

prompted an inquiry, which revealed that energy use for many buildings in the 377 

dataset had been estimated rather than measured. These buildings were removed 378 



during cleansing because the BPD includes only buildings with measured energy 379 

use. 380 

In most cases when data integrity issues are encountered, the field in question is 381 

removed from the data entry but the entry itself is not deleted. However, if the 382 

cleansing process results in a building’s failure to meet the BPD’s minimum data 383 

requirements, then the entire building is removed. Minimum data requirements 384 

include [1] floor area, [2] climate zone, [3] facility type and [4] at least one year of 385 

measured energy use data. 386 

 387 

Figure 2: Distribution of residential buildings in Pennsylvania by energy use 388 

intensity. Upon investigation, the peak at 30 kBtu/ft2-year was attributed to 389 

estimated, not measured, energy use values. 390 

4. Results 391 

This section describes the size and distribution of the database, as well as its 392 

potential usefulness as a decision-support tool. Results included here are based on 393 

the database as of January 2014, but the database is constantly growing. 394 

4.1. How “big” is the database? 395 

The database contains 44,000 commercial buildings and 700,000 residential 396 

buildings. All buildings report floor area and ASHRAE climate zone, and every 397 

building contains at least one year of energy use data. 98% of the buildings report 398 

sufficient data to calculate site and source energy use. Location and electricity 399 



consumption data are required for all buildings, but beyond these minimum 400 

requirements, most data is relatively sparse. Building systems with the most data 401 

include roof and heating systems, which are reported for roughly 20% of buildings 402 

in the database. Other systems—including lighting, HVAC, windows and walls—403 

include data for 2% or less of database records. While CBECS, RECS and CEUS 404 

include a number of buildings that report data for all of the systems listed, most data 405 

contributors do not provide any asset data.  406 

The distribution of buildings in the database is influenced by the size and depth 407 

of new datasets. While CBECS, CEUS and RECS select buildings to survey based on 408 

the underlying distribution of the building stocks that those datasets represent, the 409 

BPD selects buildings solely on data availability and completeness. As a result, the 410 

distribution of buildings can shift with the inclusion of large source datasets that are 411 

focused on a specific region or market. For example, 650,000 buildings in the 412 

database are located in one of two California counties, comprising 92% of 413 

residential buildings and 87% of the entire database.  414 

Figure 3 shows the relative frequency distribution of commercial and residential 415 

buildings in the BPD by building type compared to CBECS and RECS, respectively. 416 

The figure reveals that relative to the national building stock, the BPD has greater 417 

representation of office, retail and education buildings, but includes a fairly 418 

consistent representation of the residential building stock by building type. The 419 

greater representation of certain building types is unsurprising because many of the 420 

BPD’s data contributors manage or monitor portfolios that consist of only one type 421 

of building. In one example, Kohl’s Department stores submitted data for a number 422 



of retail stores in its own portfolio. As a result, the database may contain a higher 423 

proportion of department stores than does the national building stock; another 424 

similar source dataset would skew the data further towards that building type. 425 

Although bias in the data affects the distribution of buildings relative to the national 426 

building stock, it means that the database may be particularly valuable to users 427 

interested in analyzing performance in specific markets or regions that are well 428 

represented in the data.  The question of whether the BPD is “large enough” cannot 429 

be answered in general but only for specific research questions that are being 430 

explored using the BPD. 431 

 432 

Figure 3: Relative frequency distribution of BPD commercial and residential 433 

buildings by major building type compared to statistics of the national released 434 

by CBECS 2003 and RECS 2009. 435 

Figure 4 shows the relative frequency distributions of commercial and 436 

residential buildings in the BPD by census region, relative to statistics of the 437 

national building stock released by CBECS and RECS. The West census region is 438 

currently well represented among commercial buildings, and very well represented 439 

among residential buildings in the database. In the BPD, the West census region is 440 

heavily dominated by California. The largest residential source dataset, comprising 441 

90% of residential buildings in the database, is located entirely in California. The 442 

distribution of commercial buildings may be attributable to the CEUS dataset, which 443 

is also located entirely in California, or due to high market penetration of 444 



benchmarking programs (ENERGY STAR, 2012), and building certification programs 445 

in California (Simons et al., 2009). 446 

 447 

Figure 4: Relative frequency distribution of BPD commercial and residential 448 

buildings by census region compared to statistics of the national released by 449 

CBECS 2003 and RECS 2009. 450 

Figure 5 shows cumulative frequency distributions of annual energy use 451 

intensity for all retail and all office buildings in the BPD and in the CBECS dataset. 452 

The figure illustrates that retail buildings in the two databases follow similar 453 

distributions, while the distributions of office buildings differ substantially. Future 454 

research will further explore the causes of these differences and their implications 455 

for different use cases.  456 

 457 

Figure 5: Cumulative frequency distributions of site energy use intensity 458 

(kBtu/ft2 - year) for retail and office buildings in BPD and CBECS. 459 

Although comparing distributions of BPD data to CBECS is useful for evaluating 460 

the national or regional representativeness of peer groups, the BPD also contains 461 

data-rich regions that are unavailable within a national-scale overview database like 462 

CBECS. For example, the BPD contains about 14,000 ENERGY STAR Labeled 463 

buildings. The DOE Buildings Data Energy Book estimates market penetration of the 464 

ENERGY STAR Label at 3.7% of the commercial building stock, or 22,000 buildings 465 

(Buildings Energy Data Book 2011, CBECS 2003), 65% of which are included in the 466 



BPD. In another example, the BPD contains data collected under mandatory 467 

benchmarking ordinances in San Francisco, Seattle, Washington D.C., and New York. 468 

If compliance with these ordinances is high, then the BPD could contain a large 469 

fraction of the building stocks to which each ordinance applies. In data-rich regions 470 

of the database, the BPD may contain a large fraction of the corresponding subset of 471 

the building stock.  472 

5. How useful is the data? 473 

The database contains extensive low granularity data including location, size and 474 

building type. These fields are useful for benchmarking data and evaluating 475 

performance relative to a diverse peer group of buildings. The BPD presents data in 476 

histograms, showing quartiles by energy use for a selected peer group of buildings, 477 

allowing users to compare the performance of their own building or portfolio to its 478 

peers in the BPD (Figure 6). While this level of detail is sufficient for evaluating 479 

performance in very diverse portfolios of buildings (Hsu, 2014), more detailed data 480 

can be useful for other types of analysis, such as data-driven algorithms for 481 

estimating energy savings. 482 

 483 

Figure 6: Screen image of the BPD user interface, showing a histogram of 484 

energy use intensity for a peer group of office buildings. Source: BPD website 485 

(bpd.lbl.gov) designed by Building Energy Inc. 486 



One data-driven algorithm being vetted for release to BPD users fits a multiple 487 

linear regression model to physical & operational characteristics and equipment 488 

data to predict energy savings due to building retrofits (Walter et. al., 2014). Such an 489 

algorithm could provide a low-cost alternative to energy auditing, and add value to 490 

engineering and modeling-based estimates of energy savings by quantifying 491 

uncertainty in energy savings predictions. Uncertainty estimates can help potential 492 

investors to identify retrofits that not only maximize return, but also minimize risk. 493 

The accuracy of predictions made by such an algorithm would rely heavily on 494 

availability of building asset data. Currently, of the seven building systems included 495 

in models being developed for the BPD, the only datasets with complete or near-496 

complete asset data are CEUS, CBECS and RECS. More than 18 of the BPD’s 25 data 497 

contributors include entries with no asset data, totaling 67% of residential buildings 498 

and 87% of commercial buildings. The remaining 33% of residential buildings and 499 

13% of commercial buildings, however, do have some level of asset data that can be 500 

used to fit models for estimating the energy use impact of different types of 501 

equipment. One opportunity for further research is to attempt to quantify the 502 

amount of data needed to fit models that will generate accurate energy savings 503 

predictions. 504 

The “usefulness” of a database like the BPD can also be evaluated relative to 505 

alternative options for estimating energy savings and for evaluating energy use 506 

relative to a peer group of buildings. Although energy savings prediction accuracy 507 

has yet to be tested, statistical algorithms provide a promising, low-cost means of 508 

estimating energy savings. Energy audits and whole building modeling are labor and 509 



skill-intensive, requiring investments that are prohibitive to some stakeholders—510 

data-driven algorithms and peer group comparisons may be effective low-cost 511 

options for small-scale investors. In particular, homeowners may find the database 512 

to be a valuable tool both due to its low cost and because single-family homes are 513 

well represented in the database. Large-scale commercial investors, however, 514 

should still consider more targeted decision support tools such as auditing and 515 

simulation-based analysis, as these can more accurately account for building-516 

specific conditions.  517 

Despite the current data limitations of the BPD, particularly with respect to asset 518 

data, the inherent strength of the BPD is that it contains actual data from real 519 

buildings, which can be used to confirm results from simulated data. Many building 520 

decision-makers are concerned about savings analysis based on simulated data and 521 

validation against empirical data can help build confidence in energy savings 522 

estimates. 523 

In discussing “usefulness”, we have identified a number of specific questions that 524 

could be answered using the BPD. However, an application programming interface 525 

(API) to the BPD is publicly available to encourage development of commercial 526 

software tools that utilize the data in novel ways. The database was initially 527 

developed to satisfy an identified need for empirical energy consumption data, and 528 

as such current data collection and cleaning efforts, as well as presentation of data 529 

in the API and user interface, are geared towards applications in energy 530 

performance. However, the database also provides a wealth of information about 531 

physical and operational building characteristics, and analysis opportunities are by 532 



no means limited to energy performance. The database is designed such that 533 

outreach efforts, database structure, data cleaning, and analysis tools can evolve as 534 

novel applications for the data emerge. 535 

6. Conclusions and Outlook 536 

This paper described a broad and concerted effort to collect and analyze existing 537 

data on the energy use and building characteristics of commercial and residential 538 

buildings in the United States. The effort resulted in the DOE Buildings Performance 539 

Database—the largest public domain database of commercial and residential 540 

buildings in the United States to date. The BPD provides a comparison of energy use 541 

intensities for user-customizable peer groups of buildings. It also allows analysis of 542 

energy impacts of various technologies, to the extent that such data are available for 543 

the buildings in the BPD.  544 

The value of large databases like the BPD relative to existing databases lies in the 545 

large number of building records available for specific data-rich regions or markets 546 

in the database. Confirming that these peer groups adequately represent the 547 

underlying building stock is key to deriving actionable information from the data for 548 

many use-cases. A typical test for determining representativeness of building data is 549 

to compare the data against CBECS. However, CBECS is not representative for local 550 

or narrowly defined peer groups. As a result, comparisons with CBECS are less 551 

relevant in datasets with high penetration in certain markets but not others, as we 552 

demonstrated to be the case in the BPD. Further research is needed to develop a test 553 

for evaluating representativeness at the peer group level. Reporting on the 554 



representativeness of every peer group in the BPD will not be feasible. As such, 555 

database users are tasked with verifying that relevant peer groups are adequately 556 

representative in regions or markets of interest. 557 

Several conclusions can be drawn from the experience to date:  558 

 The availability of building data on a large scale remains a challenge, 559 

especially data on building system characteristics. In theory, there is plenty 560 

of such data available—in drawings, specifications, maintenance records, etc. 561 

However, much of this data is effectively inaccessible for broader application 562 

because it is widely distributed, poorly archived, in custom formats, and 563 

lacks clarity on who owns the data and whether it can be shared.  564 

 There is a major need to standardize building data. Literally every dataset 565 

imported into the BPD to date had its own unique data format and data field 566 

definitions. It has become clear that the lack of standard data formats, terms 567 

and definitions is a significant ongoing barrier to realizing the full potential 568 

of big energy data. 569 

 While empirical data is valuable in what it can say about actual performance, 570 

it also tends to have a lot of “noise” that limits the ability to extract decision-571 

grade information, especially for savings analysis. In the near term the 572 

primary application of such data is in peer-comparison and “sanity checking” 573 

of savings estimates.  574 

The next phase of this effort will focus on increasing data breadth and depth, by 575 

exploring novel cost-effective ways of crowd-sourcing asset data. Additionally, 576 



research efforts will focus on methods that are better suited to extract meaningful 577 

decision-grade information from sparse datasets.  578 
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